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Network biologyMalaria, caused by the protozoan parasite Plasmodium falciparum, affects around 225 million people yearly and a
huge international effort is directed towards combating this grave threat to world health and economic develop-
ment. Considerable advances have been made in malaria research triggered by the sequencing of its genome in
2002, followed by several high-throughput studies deﬁning themalaria transcriptome and proteome. A protein–
protein interaction (PPI) network seeks to trace the dynamic interactions between proteins, thereby elucidating
their local and global functional relationships. Experimentally derived PPI network from high-throughput
methods such as yeast two hybrid (Y2H) screens are inherently noisy, but combining these independent datasets
by computational methods tends to give a greater accuracy and coverage. This review aims to discuss the
computational approaches used till date to construct a malaria protein interaction network and to catalog the
functional predictions and biological inferences made from analysis of the PPI network.
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Human malaria caused by Plasmodium falciparum parasites is
undoubtedly a major threat to global health and economy. According
to World Malaria Report 2010 by World Health Organization (WHO),
malaria affects about 225 million people and has caused 781,000 deaths
in 2009 despite remarkable international efforts and funding (to the
tune of US$ 1.8 billion in 2010). These huge efforts have resulted in
efﬁcient distribution of and treatmentwith artemisinin-based therapies
to control malaria, especially in the much-affected Sub-Saharan Africa.
Unfortunately, this progress is considerably damped by the risk ofife Sciences and Engineering,
Thuwal 23955, Saudi Arabia.
asi).
rights reserved.emergence of artemisinin-resistant malaria parasites as evident from
previous records of such development of resistance to other antimalar-
ial drugs. In order to unravel the mechanisms behind the evolution of
such drug-resistant strains and identify better drug targets, a deeper
and thorough understanding of the parasite's biology is vital. A land-
mark effort was undertaken towards this goal in late 1990s, to sequence
the genome of P. falciparum. The 22.8megabase genome of P. falciparum
3D7 was sequenced and annotated in 2002 [1]. This itself was quite a
challenge, as it was the most AT rich (A+T content-80%) genome
sequenced to-date. The predicted malaria proteome composed of rela-
tively fewer enzymes and transporters and more of proteins related to
cell adhesion and evasion of host immune system as compared to
other known eukaryotic species. Out of the 5300 genes predicted, func-
tional role could be assigned only to 40% of the predicted proteins, leav-
ing the rest 60% annotated as ‘hypothetical protein’ due to lack of any
similarity to functionally annotated proteins. Because of the large
70 A. Ramaprasad et al. / Genomics 99 (2012) 69–75evolutionary distance of P. falciparum compared tomodel organisms for
which large datasets are available, functional annotation based on com-
parative genomics analysis is not trivial. Alongside with the publication
of the genome, another huge step in malaria genomics was made
through publication of the ﬁrst high-throughput proteomics studies,
providing a life cycle stage-speciﬁc view of the malaria proteome
[2,3]. They presented a comprehensive view of proteins expressed in
the four life-cycle stages of P. falciparum and reconﬁrmed the presence
of large number of so-called hypothetical proteins. In order to under-
stand transcriptional regulation, themalaria transcriptomewas studied,
using microarrays, extensively over all life cycle stages [4] and more
speciﬁcally in the intraerythrocytic development cycle [5].
Completely understanding an organism at molecular level is quite a
challenge, as any cellular machinery is highly dynamic and all the
proteins are involved in complex interactions with each other, forming
the layout of a highly sensitive and robust regulation system. Thus,
simply listing out the proteins at a particular time point (the proteome
of the organism) would be insufﬁcient, unless the interactions between
them are also traced to the level of individual interactions and protein
complexes. With high-throughput yeast two hybrid (Y2H) systems,
the ﬁrst generationmalaria protein interaction network was elucidated
[6], using RNA transcripts from intraerythrocytic stage to construct the
Y2H libraries. A network consisting of 1267 proteins and 2823 interac-
tions was constructed and clusters of functionally related proteins
were computationally identiﬁed and several hypothetical proteins
were predicted to have a role in cell invasion, RNAprocessing or splicing
and as secretory proteins. This experimental PPI network was found to
be highly diverged from the PPI networks of other eukaryotes such as
budding yeast, nematode worm and fruit ﬂy, sharing only three con-
served protein complexes [7]. However, these inferences could not be
deemed conclusive since the experimentally obtained network suffered
from various drawbacks as highlighted in both [7] and [6]. Firstly, it cov-
ered only the protein interactions of asexual intraerythrocytic stage
raising the possibility that the divergence is due to incomplete coverage
of the network. Secondly, due to difﬁculty in handling P. falciparum pro-
tein expression systems, not many experimentally proven set of PPIs
(otherwise called the gold standards) are available, therefore ruling
out the possibility of experimental validation of the network as often
done in othermodel organisms. In addition to these, the inherent faulty
nature of Y2H screens such as large number of false positives, bias to-
wards yeast protein homologues and low coverage [8] could contribute
to inaccuracy of the interactions projected.
Similar to Y2H, other high-throughputmethods for inferring cellular
networks such as RNA expression proﬁles, genetic interaction data and
mass spectrometry analysis of protein complexes suffer from their
inherent limitations that affect the coverage and accuracy of the in-
ferred network. But integrating these independent evidences into a sin-
gle PPI network results in higher accuracy and coverage, since i)
overlapping multiple evidences strengthen the probability of a particu-
lar interaction and ii) various datasets reﬂect protein interactions of
different aspects of the organism's biology [8]. Such integrations can
be done in silico, and have been successfully applied for predicting PPI
network in yeast [9]. Over the past ﬁve years, various attempts have
been made to computationally infer a protein interaction network for
P. falciparum (Fig. 1). Here, we review the various computational
methods that have been used to that effect, and the varying levels of in-
formation derived from the resulting PPI network models. Preceding
this, a general workﬂow for the computational prediction of malaria
PPI network is presented and ﬁnally, the challenges, opportunities and
future directions in this ﬁeld are discussed.
2. Current workﬂows used to infer P. falciparum protein interaction
network
A protein interaction network essentially consists of proteins repre-
sented by nodes and interactions between them represented by edges.These interactions are predicted based on evidence from a high-
throughputmethod for determining PPIs or in the case of computation-
al prediction, from several lines of evidences. Needless to say, the type
and quality of datasets used to assemble the PPI network contribute sig-
niﬁcantly to the reliability of the network. The experimentally derived
datasets available till date for constructing malaria PIN are a Y2H data-
set [6], microarray expression proﬁles [4,5] and more recently a
RNA-Seq dataset [10]. To augment these datasets, various computation-
ally derived datasets have been used and these include ortholog dataset
[11], phylogenetic proﬁles [12] and Pfam domain–domain interactions
(DDI) dataset [13]. All of these derived datasets are generated based
on homology searches, varying only in the range of data within which
the search is carried out. For example, ortholog datasets used in these
studies represent proteins from user-speciﬁed model organisms,
which have sequence similarity (as determined by BLASTP) with P.
falciparum proteins. On the other hand, phylogenetic proﬁles are gener-
ated by comparing P. falciparum proteins with all known genomes.
These datasets are used to predict interologs, protein–protein interac-
tions that are evolutionarily conserved across species. Since these data-
sets are from independent sources and the linkages are measured by
different parameters, integrating them would need a data integration
algorithm or framework. An integrative algorithm, for example a Bayes-
ian framework [14], essentially assigns a conﬁdence or likelihood score
for a particular PPI based on the individual scores of that PPI in each
dataset integrated. The PPI network generated thus, is then evaluated
and validated using either other datasets such as gene expression data
or using functional annotation data from GO (Gene Ontology) and
KEGG (Kyoto Encyclopedia of Genes and Genomes) databases. After
obtaining a validated protein interaction network, the next step
would be to isolate and study the underlying sub-networks using vari-
ous ﬁltering parameters so that functional and biological information
can be inferred from them (Fig. 2). This is usually done by studying
the topology of the network and isolating clusters of highly intercon-
nected proteins that tend to have functional homogeneity, or selectively
isolating linkages of higher conﬁdence scores. The rationale behind
these approaches are i) protein interactions within clusters tend to
have more reliability and ii) clustered proteins tend to have similar
functions since functionally related proteins tend to interact with each
other [15,16]. These clusters can be analyzed to mainly assign functions
to hypothetical proteins interacting with known proteins, visualize im-
portant mechanisms and identify potential drug targets.
3. The computational models of P. falciparum protein interaction
network
The ﬁrst computational inference of malaria protein network was
done by [12]. In that study, a Bayesian framework [14] was employed
to integrate three independent data sources-phylogenetic proﬁles,
Rosetta stone fusion proteins and gene expression proﬁles. Phylogenet-
ic proﬁle of a protein records the presence or absence of that protein in
every known genome and proteinswith similar proﬁles tend to be func-
tionally linked [17]. Two proteins are also predicted to have functional
linkage if their sequences appear as part of a fusion protein in another
organism, known as Rosetta stone fusion protein. Upon constructing
phylogenetic proﬁles and Rosetta stone fusion proteins information
for P. falciparumproteins, the datawas integratedwith 3471normalized
gene expression proﬁles, in total capturing about 81% of the malaria
proteome. Positive and negative gold standards derived from Gene
Ontology and KEGG databases were used to assign likelihood scores
for each interaction and a protein network was inferred with linkages
having scores above a suitable likelihood score threshold. An example
of a network inferred from this data is shown in Fig. 3. Sensitivity of
around 21%was obtained and surprisingly almost 95% of the “hypothet-
ical proteins”were linked to known proteins. Therefore, they were able
to assign several uncharacterized proteins to various biological process-
es such as protein folding, RNA-binding and Heat shock machinery
Fig. 1. Timeline representing the research on computational inference of P. falciparum protein–protein interaction network. The period before 2005 saw generation of extensive data
on the malaria genome, transcriptome, proteome and interactome and these datasets were used post-2005 for in silico PPI network analysis.
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family. Using ortholog information, themalaria PINwas comparedwith
other Apicomplexan species— Plasmodiumyoelii, Toxoplasma gondii and
Cryptosporidium parvum to identify evolutionarily conserved links.
About 12% of the links were conserved among the 4 species while
around 87,000 links were exclusive for P. falciparum [12].
An attempt was made by [13] to infer a protein interaction network
by combining genomic and protein information represented by 3 types
of datasets — interologs from disparate organisms (Escherichia coli,
Saccharomyces cerevisiae, Caenorhabditis elegans, Drosophila melanoga-
ster andHomo sapiens), PPI dataset inferred from Pfamdomain–domain
interactions and experimentally derived PPI dataset. They were inte-
grated and validated using a logistic regression method that assigned
a conﬁdence score to each interaction based on the degree of clustering
and microarray expression data. The rationale behind using degree of
clustering (represented by a hypergeometric clustering coefﬁcient) as
a parameter, is the observation that higher the degree of clustering,
higher the reliability of the protein interaction within it. The biological
signiﬁcance of their network was determined by assigning GO terms
to the network and using Markov Cluster Algorithm [18], signiﬁcant
clusters or sub-networks such as ribosomal, proteosomal proteins,
RNA polymerases and snRNPs were presented [13].
The same group of authors came up with a P. falciparum protein
interaction network consisting of 4918 unique interactions among
1872 proteins [11] by combining interolog datasets along with P. falci-
parum Y2H protein–protein interaction dataset. The interolog datasets
were inferred by comparing P. falciparum proteins with curated protein
interaction data of diverse organisms such as yeast (Saccharomyces
cerevisiae), worm (Caenorhabditis elegans), fruit ﬂy (Drosophila melano-
gaster) and human (Homo sapiens). Themain objective of this workwas
to identify and isolate dense functional clusters of proteins from the un-
derlying network topology. The method is based on evidences derivedfrom experimentally determined protein complexes in yeast that
some proteins tend to play roles in multiple protein complexes or clus-
ters. Therefore, to highlight such proteins and identify their overlapping
clusters, a clique-percolation algorithm [19] was used which is best
suited for capturing a community of overlapping sub-networks. In
order to understand the biological functions of these clusters, they
must be compared with experimentally obtained protein complexes
in P. falciparum. Since such datasets about the parasite are lacking, pro-
tein complexes of yeast that had orthologs in P. falciparum (at least 3
ortholog proteins per complex) were instead used and 154 intercon-
nected clusters were isolated [11]. By overlapping stage-speciﬁc tran-
scriptomic data to this network, the authors were also able to
represent stage-speciﬁc clusters. The highly expressed clusters were
able to represent biologically relevant information about the stages.
For example, clusters involved in gene transcription and translation
were enriched in the ring stage while proteosomes were enriched in
the schizont stage reﬂecting the complete remodeling the parasite un-
dergoes during this transition. They also observed a particular core clus-
ter sharing many proteins with other clusters. This highly intertwined
cluster of highly interacting proteins seems to suggest the presence of
a functional and topological core governing the parasite's PPI network.
This so-called rich club phenomenon [20] has been previously studied
by the same author in [21]. In this study, the rich club proteins were
observed to be predominantly secreted proteins that consist of only
the experimentally obtained interactions (from Y2H interaction data-
set) rather than those evolutionarily conserved (interologs). Also, it
was observed that there was very low overlap between experimental
dataset and interologs dataset, which was expected since as stated
earlier in this review, the Y2H screens had mainly covered the proteins
of asexual intraerythrocytic cycle. Therefore, it was concluded that
these rich club proteins perform parasitic functions and such a core
cluster may mark P. falciparum's parasitic life style. Nevertheless, the
Fig. 2. The general methodology for inferring a P. falciparum protein–protein interaction
network.
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artifacts of Y2H screens was also acknowledged and its biological rele-
vance was put to speculation. However, a recent study [22] on the evo-
lutionary mechanisms shaping protein interaction network in
eukaryotes reiterated the presence of the above-mentioned highly
inter-connected clusters or hubs in themalaria PPI network. They com-
pared experimental PPI datasets of yeast, worm, ﬂy, human andmalaria
parasite and found that the ﬁrst 4 species' networkswere disassortative
and the malaria PPI network was uniquely assortative. A protein inter-
action network is said to be assortative when proteins are clustered as
hubs and these hubs have high inter-connectivity between them; disas-
sortativewhen such inter-connectivity is absent. Gene duplicability and
divergence based models, where a node is duplicated generating more
edges, are generally used to explain the evolution of PPI networks
across different species. A degree-dependent duplication model was
proposed to explain the evolution of P. falciparum PPI network, stating
that its assortative nature has emerged due to preferential duplication
of high-degree nodes (degree is the number of edges of a node) [22].
The authors observed that these duplicated nodeswere indeed proteins
with pathogenesis-related functions that might have duplicated depen-
dent upon the environment to provide for the organism's parasitic func-
tions. Among the various functional categories, proteins related to
“pathogenesis” and “host interaction” had a higher duplicability
(mean duplicability — 2.21) as compared to the overall duplicability of
the malaria protein network (mean duplicability — 0.42). Notable
among these proteins are PfEMP1 (Pf erythrocyte membrane protein
1) proteins, involved in antigenic variation and adhesion of parasite to
uninfected erythrocytes (rosetting) and endothelial cells, whose expan-
sion (i.e. gene duplications) has favored evolution of the parasite.More recently, Mitrofanova and colleagues adopted a unique ap-
proach for predicting protein functions by including temporal gene
expression data [23]. Time-course expression data [5] covering 3
stages (Ring, Trophozoite and Schizont) and 2 transitional instants
(Late Ring stage/Early Trophozoite and Late Trophozoite/Schizont)
of the crucial intraerythrocytic developmental cycle of P. falciparum
was subject to k-means clustering (a non-supervised clustering algo-
rithm which groups proteins into pre-deﬁned number of clusters,
such that each cluster consists of co-expressed set of proteins) and
the resulting clusters were integrated with other datasets (Table 1)
by a Bayesian approach. Since the pathogen's gene expression is high-
ly dynamic over its entire life cycle, it is prudent to use a time-speciﬁc
expression data rather than a stage non-speciﬁc data. They were able
to emphasize this point by observing a signiﬁcant increase in predic-
tion accuracy of their model when temporal expression data was used
over non-temporal data. By validating their inferred network with a
random dataset of annotated proteins, they demonstrated that their
integrated network had a 6–7 fold increase in precision as compared
to the individual data sources. Their model assigned probable GO
terms to 628 out of 1439 unannotated proteins of P. falciparum in-
cluding 20 exported red blood cell membrane proteins (with Plasmo-
dium export element (PEXEL) or N-terminal host targeting (HT)
motif) [24,25] which are involved in transporting parasite proteins
into the erythrocytes causing membrane deformation and knobbing,
and are potential targets for intervention [23].
A recent work had aimed at identifying signaling pathways in
P. falciparum's protein network [26]. The authors were able to predict
various pathways related to calcium modulated, calcium signaling,
cell cycle related and FIKK proteins plus several potential signaling
pathways consisting of proteins absent in known signaling pathways
in P. falciparum. They integrated experimental PPI data and gene
expression data into a weighted interaction graph in which each edge
is assigned a probability value of that interaction occurring. Choosing
a set of all receptor proteins in the network as vertexes, high scoring
linear paths were traced from them and inferred as possible signaling
pathways by adopting a linear time algorithm [27] with few modiﬁca-
tions. These predicted pathways were ﬁnally evaluated and ﬁltered by
using functional homogeneity and comparison with results from
random shufﬂed data. Some of the pathways (for instance calcium sig-
naling) correlate with experimental ﬁndings while others lead to inter-
esting hypotheses and function prediction of unknown proteins. The
authors reported a potential chloroquine resistance signaling pathway
mediated by a set of proteins belonging to FIKK protein kinase family
and predicted a particular protein (PFA0130c) as the serine protease
involved in a yet unclear signaling pathway for RBC surface identiﬁca-
tion and invasion processes.
A chaperone network [28] of P. falciparum was constructed using
interologs obtained from identifying orthologs for P. falciparum proteins
in the human chaperone network and Y2H interaction dataset. They
were able to identify Hsp100, Hsp70 and Hsp40 chaperone families
and could assign chaperone functions to hypothetical proteins in vari-
ous processes, viz., tubulin folding (protein ID- PFI0335w), transcription
(PF14_0510), membrane protein trafﬁcking (PF14_0700) and drug
resistance (PF10_0242 and PF14_0243). They also subdivided the
network into stage-speciﬁc sub-networks and found that intra-
erythrocytic stages contained many heat-shock proteins connected to
each other, while the sporozoite stage had a lesser number. This reﬂects
the parasite's adaptability towards heat shock during the transition
from cold-blooded mosquito (sporozoite stage) to warm-blooded
human (intra-erythrocytic stages).
4. Discussion
The inference of a malaria PPI network based on integrative
approaches is proving to be quite a challenging yet promising area of
research that can be driven forward by mounting efforts towards
Fig. 3. A protein–protein interaction network of P. falciparum 3D7. A subset of high-conﬁdence links (threshold cut-off of 14), downloaded from plasmoMap database (http://cbil.upenn.
edu/plasmoMAP/) established by [12], was visualized using Cytoscape [42]. Important groups of annotated proteins are highlighted—Proteins involved in DNA replication (pink) and
protein translation (red), protein phosphatases (green), protein kinases (black), heat shock proteins (turquoise) and RNA/DNA helicases (blue). Insets provide a detailed view of some
of the protein clusters which represent a particular cellular or molecular function—a) DNA replication, b) Phosphatase activity, c) Protein translation, d) Heat-shockmachinery, e) Kinase
activity. These clusters facilitate functional prediction of other hypothetical proteins inter-connected in these clusters.
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data-integration approaches, covering the biological and informatic
perspectives respectively.
Integration of independent sources of interaction data using various
computational methods has resulted in several versions of the malaria
PPI network, which include four comprehensive PPI networks, a chap-
erone network, a set of signaling pathways and an evolutionary modelTable 1
An overview of computational inference and analysis of malaria PPI network till date. Y2H datas
data.
Publication Datasets used
for integration
Integrative
algorithm
Dataso
for val
Date
et al. 2006
Phylogenetic proﬁles, Rosetta stone fusion
protein dataset, Microarray expression datasets
Bayesian
approach
GO ass
KEGG d
Wuchty
et al. 2007
Orthologs datasets, Y2H dataset, Pfam
DDI dataset
Hypergeometric
distribution
Microa
dataset
annota
Pavithra
et al. 2007
Orthologs datasets (Chaperones only),
Y2H dataset
– –
Wuchty
et al. 2009
Orthologs datasets, Y2H dataset – Yeast p
comple
expres
Mitrofanova
et al. 2010
Y2H dataset, Microarray expression datasets
(Stage speciﬁc), Orthologs datasets, Metabolic
pathways
Bayesian
approach
GO fun
Oyelade
et al. 2010
Y2H dataset, Microarray expression datasets Weighted
Interaction Graph
GO funof the PPI network. Each study has elucidated critical protein clusters
or signaling pathways and assigned functional annotations to a subset
of hypothetical proteins, identifying new surface proteins,
transcription factors, chaperones and other protein families that are
vital for the parasite's invasion and survival. These proteins can serve
as potential new targets for drugs or vaccines. For identifying new
drug targets, such systems biology approaches are useful supplementset— yeast two hybrid derived interaction;Microarray Expression datasets— transcriptome
urces
idation
Filter assigned/
algorithm
Nodes
(# of proteins)
Edges
(# of interactions)
ignment
atabase
High conﬁdence links
(conﬁdence score>14)
3667 388,969
rray expression
s, GO functional
tion
Markov-Cluster
algorithm
2321 19,979
– 212 (chaperones) 344
rotein
xes, microarray
sion datasets
Clique-percolation
algorithm
1872 4918
ctional annotation – – –
ctional annotation Linear time algorithm – –
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tein libraries, which have been proven to be difﬁcult and time-
consuming in Plasmodium species.
Similar to its genome, P. falciparum's PPI network too is strikingly
divergent compared to other eukaryotes, bearing very low overlap
with their interactomes and uniquely being assortative in nature. It
consists of a core densely connected cluster composed mainly by pro-
teins related to pathogenesis, probably the result of gene duplications
to maintain its parasitic lifestyle. Also, stage-speciﬁc representation of
the inferred PPI network can to some extent reﬂect the dynamic
changes occurring during the stage transitions of the parasite.
Amajor hindrance to improving the network's qualitywould be lack
of experimentally conﬁrmed set of interactions or the gold standards for
validating the network. The intrinsic faults of the source datasets them-
selves can be another factor contributing to inaccuracy in parts of the in-
ferred network. Since the genome is highly divergent from other
eukaryotic genomes, homology searches can be inaccurate in identify-
ing orthologs generating the often-utilized interolog datasets [11]. To
address these limitations, more reliable interaction datasets need to
be generated. The existing high-throughput methods like yeast two
hybrid screens should be improvised to deliver results of higher accura-
cy and coverage and other relatively recent high-throughput tech-
niques like protein microarrays and mass spectrometry analysis of
protein complexes should be applied. Protein microarrays have been
shown to be an efﬁcient tool for screening of any eukaryotic proteome
for identifyingprotein–protein interactions [29], DNA/RNAbinding pro-
teins [30] and protein phosphorylation [31]. Mass spectrometry, an
indispensible tool for proteomic studies can be utilized for study of pro-
tein complexes [32] and has been proved to produce a three-fold in-
crease in accuracy as compared to Y2H derived datasets [33]. In order
to validate the existing interaction datasets, an extensive set of immu-
noprecipitation experiments could be carried out while large-scale
gene inactivation and phenotyping efforts could be undertaken to iden-
tify new interactions. With such gene-knockout and protein-speciﬁc
antibody libraries generated, a method combining these two ap-
proaches, called QUICK (quantitative immunoprecipitation combined
with knockdown) [34] utilizing mass spectrometry could be developed
as a high-throughput screening method for P. falciparum protein inter-
action studies. The method could be adapted to Plasmodium by knock-
ing out genes by homologous recombination [35] rather than RNA
interference as typical RNAi machinery is absent in themalaria parasite
[36]. Another major hurdle that needs to be overcome is that P. falci-
parum has been compared with non-parasitic model organisms due to
lack of sufﬁcient information on PPI networks of its closely related par-
asites. Therefore, future research concentrating upon PPI networks of
model parasites such as Toxoplasma gondii could help in attaining
more reliable inferences, as we would be comparing less divergent PPI
networks.
With the availability of these numerous datasets, it is also manda-
tory that efforts be directed towards developing better methods of
data-integration. The method should be suitable for efﬁciently inte-
grating interaction datasets from varied sources which, taken individ-
ually, are incomplete and unreliable as each high-throughput method
preferentially delivers only a subset of interactions. The minimal cov-
erage and overlap between these datasets should also be taken into
account during data-integration. To date, Bayesian framework has
been extensively used for data integration, a recent research work
[37] using it to model stage-speciﬁc interactomes of P. falciparum by
integrating experimentally inferred and computationally predicted
interactions. On the other hand, supervisedmethods of network infer-
ence have been shown to perform better than unsupervised methods
such as Bayesian method and is found to be better suitable for han-
dling heterogenous data [38]. Support VectorMachine (SVM), a super-
vised method, which uses kernel matrices to efﬁciently integrate
datasets has been proved to have improved performance [39] and
could be used for data-integration for P. falciparum protein networkinference. Alternatively, citing the high computing memory and time
needed for SVM, time-efﬁcient semi-supervised learning methods
such as graph-based learning methods with accuracy comparable to
SVM [40] could be employed for inferring functions of unannotated
proteins based on different dataset evidences. Another method that
can be considered is Random Forest (RF), whose classiﬁers generate
many decision trees based on random node attributes and therefore
can handle incomplete datasets. It has been shown to outperform
ﬁve other classiﬁers including Logistic Regression and SVM in data-
integration of widely different datasets [41]. Nevertheless, till
these challenges are met and resolved, the present set of P. falciparum
protein–protein interactions can efﬁciently serve as a theoretical base
for experiments aiming to identify potential drug targets and for gen-
eral understanding of Plasmodium biology.
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